as well as in attention for the subject. The latter can result in fatigue during the actual experiment. 23 Lastly, in some cases it is not possible to obtain a localizer, for example in patient populations as To overcome these problems, progressions in the field of cognitive neuroscience have led 1 to the development of cortical atlases which allow localization of specific regions in a new, 2 independent set of subjects by leveraging ROI-data from typical populations (e.g. Eickhoff et al. a gap in the field is a detailed atlas that delineates category-selective regions in lateral occipito-10 temporal and ventral temporal cortex. 11
In the present research, we aimed at (a) developing a functional atlas of category-selective 12 visual cortex, (b) quantifying inter-subject variability of category-selective regions in visual 13 cortex, and (c) validation of our atlas against existing atlases. We performed a localizer experiment 14 in order to map category-selective regions, as well as a visual field mapping experiment to 15 delineate early visual cortex in each participant. The experiment was performed using data of 16 twenty healthy adults. The resulting atlas will be available in BrainVoyager 17 (www.brainvoyager.com) and FreeSurfer (www.surfer.nmr.mgh.harvard.edu) file formats for 18 surface analysis, as well as NifTI format for volumetric analysis 19 (download.brainvoyager.com/data/visfAtlas.zip). 20 
21

MATERIALS AND METHODS 22
Participants 23
To obtain functional data, a total number of 20 participants (average age 30 ± 6.61) were 24 recruited at Maastricht University. Two participants were left-handed, and the sample consisted of 25 10 women and 10 men. All participants were healthy with no history of neurological disease and 26 had normal or corrected-to-normal vision. Written consent was obtained from each subject prior 27 to scanning. All procedures were conducted with approval from the local Ethical Committee of the 28 Table 2 . Number of subjects per functional ROI (fROI). Individual variability across people, keeping a strict 1 statistical threshold, and stimulus choices results in not every fROI being identified in all participants. We chose to 2 exclude ROIs from atlas generation that were defined in less than half the participants (N = 10). Abbreviations: LH: 3 left hemisphere, RH: right hemisphere.
5
Nonlinear-volumetric alignment (NVA) 6
First, surface regions that were defined on each subject's cortical surface were mapped to 7 volumetric regions by expanding them (-1 to +2 mm) along each vertex normal of the white-gray 8 matter boundary. Second, the volumetric regions were transformed back to native ACPC space. 9
Next, the individual brains were registered to the MNI152 group average brain using the Advanced 10 Normalization Tools (ANTS; https://sourceforge.net/projects/advants/). Finally, the resulting 11 nonlinear transformation matrices were used to warp the functionally-defined regions of interest 12 (fROIs) into the same orientation and reference frame. The specific code for the affine volume 13 registration and nonlinear transformation can be found here: https://github.com/VPNL/cyto-14 functional 15
. The resulting NVA-aligned regions were further processed in NifTi format using 16 MATLAB (www.mathworks.com), see details below. 17 
18
Cortex-based alignment (CBA) 19 To generate a surface group average brain of the subjects, we used cortex-based alignment 20 (CBA) to generate a dynamic average (subsequently called BVaverage, publicly available at 21 https://share.brainvoyager.com/index.php/s/m2E9oZTGWwXodRk). CBA was performed for 22 both hemispheres separately after inflation to a sphere with overlaid curvature information at 23 various levels of resolution (Frost and Goebel, 2012; Goebel et al., 2006) . First, during a rigid 24 alignment, the spheres of each subject's hemisphere was rotated along three dimensions to best 25 match the curvature pattern of a randomly chosen target hemisphere. The lower the variability 26 between the two folding curvature patterns, the better the fit after rigid sphere rotation. Following 27 the rigid alignment for all subjects, a non-rigid CBA was performed. Curvature patterns of each 28 subject were used in four different levels of anatomical detail. Starting from low anatomical detail, 1 each subject's hemisphere was aligned to a group average out of all subjects. During this process, 2 the group average was dynamically updated to most accurately average all hemispheres. This 3 sequence was repeated for all levels of curvature detail, until the group average was updated based 4 on the highest level of anatomical detail per subject. During the alignment, we (1) derived a group 5 average for each hemisphere (BVaverage), as well as (2) a transformation indicating for each 6 vertex on a single-subject cortical surface where it maps to on the group average. These 7 transformation files were then used to map each individual subject's fROIs to the BVaverage. 8 
9
Probabilistic maps for occipitotemporal cortex in volume and surface space 10
We generated probabilistic maps of all regions after NVA as well as CBA and each of the 11 following was done in both group spaces: after individual subject fROIs were projected to the 12 MNI152 and BVaverage, respectively, each group fROI was defined. For each voxel/vertex of a 13 group fROIs, the number of subjects which shared that voxel/vertex of the fROI was divided by 14 the total number of subjects ( ). Thus, a value of 15 0 at a vertex in the group fROI indicates a vertex did not belong to that fROI in any subject, a value 16 of .5 means that it belonged to the fROI in half the subjects, a value of 1 indicates that it belonged 17 to that functional region in the entire study population (Fig. 1) . 18 
19
Cross-validated predictability estimation and atlas generation 20
One interesting feature of those fROIs is the possibility to serve as a prior to estimate the 21 localization of corresponding ROIs in a new subject's brain, eliminating the need for a dedicated 22 localizer run in the new subject. To allow for a reasonable estimate on the confidence to find this 23 region in a new subject, we performed an exhaustive cross-validation analysis of the volumetric 24 (NVA) as well as surface (CBA) alignment. For each fold, we generated a group probabilistc fROI 25 (G) and a left-out subject's individual fROI (I). We estimated the predictability of the group 26 probabilistic fROI by calculating the dice coefficient (DSC), a measure of similarity of two 1 samples: 2
A dice coefficient of zero indicates no predictability and a dice coefficient of 1 indicates perfect 6 predictability. As we did in previous work (Rosenke et al., 2017a), we applied different threshold 7 levels to the group probabilistic fROI (G) to predict the location of the left-out-subject (Fig.2) . 8
That means we created a liberal group probabilistic fROI including each vertex that was present 9 in at least 1 subject. Then we sequentially increased the threshold up to the most conservative 10 threshold where all subjects had to share a voxel/vertex for it to be included in the group map. For 11 statistical assessment, we compared dice coefficients across the two alignment methods using a 12 repeated measures analysis of variance (ANOVA) with individual regions as different entries, 13 alignment method (CBA vs NVA) as within-subject factor and hemisphere as between-subject 14 factor. We ran this comparison on two different thresholds: once on unthresholded group maps, 15 and once on a threshold that produced -across regions and methods -the highest predictability, 16 0.2. Additionally, we ran paired permutation tests within each region on dice coefficient results at 17 threshold 0.2. Finally, we calculated the mean ROI size for each hemisphere and ROI in square 18 millimeter (mm 2 , Fig. 3 ) and used a paired t-statistic to assess whether there was a systematic 19 hemispheric difference in size across ROIs. 20 
21
Generating a visual functional atlas (visfAtlas) by assigning each voxel and vertex to a unique 22 fROI 23
The processes described below provide a non-overlapping tiling of the functionally defined 24 regions in occipito-temporal cortex in surface as well as volume space (Fig. 4) . 25 Cortex based alignment: The probability maps determine the probability that each vertex belongs 26 to a given fROI. However, it is possible that a point on the brain may belong to more than one 27 14 probabilistic fROI. This overlap is more likely to occur along boundaries of neighboring functional 1 regions. In order to assign a unique functional label to each vertex in the atlas, we generated a 2 maximum-probability map (MPM) of each area, once in volume space (NVA) and once in surface 3 space (CBA). Using the probabilistic fROIs, we determined which vertices were shared by more 4 than one probabilistic fROI and assigned these vertices to a single fROI based on the area which 5
showed the highest probability at that vertex (Eickhoff et al., 2005) . In cases where two areas held 6 the same probability value for one vertex, we averaged the probabilistic values of neighbors of that 7 vertex for each of the fROIs. The degree of neighbors averaged was increased until the vertex had 8 a higher probability value in one of the areas. Lastly, after all vertices were assigned in each of the 9 MPM areas, we searched for individual vertices that were not connected to other vertices of the 10 same ROI. We used a decision threshold where a minimum of at least one 3 rd degree neighbor for 11 each vertex had to be in the same group ROI for that vertex to be part of the group ROI. In cases 12
where single vertices where detected, they were assigned to the ROI with the second-highest 13 probabilistic value and same-ROI vertices in the immediate neighborhood. 14 Nonlinear volume alignment: The creation of a maximum probability map in volume space was 15 identical to that for CBA as described above, except for the neighborhood search. The 16 neighborhood search was not implemented in the same way as the 3D nature of the volume atlas 17 would lead to inevitable differences in the MPM creation when compared to the surface atlas. 18
Instead, neighborhood search was only performed for 3 immediately adjacent voxel (3 rd degree 19 neighbor) in all three dimensions. 20 
A visual functional atlas available in volume and surface space 22
The unique tiling of functionally defined visua regions provides a functional atlas 23 (visfAtlas) which we make available (1) in volume space, and (2) in surface space. In addition, we 24 make this atlas available in multiple file formats. Volume: we publish the volumetric visfAtlas in 25 MNI space in BrainVoyager file format (VOI file) and NifTi format, which can be read by a variety 26 of software packages. Surface: we publish the visfAtlas in file formats compatible with Brain 27
Voyager as well as FreeSurfer. Note, however, that the surface atlases are generated slightly 28 differently for each software. For BrainVoyager, we generated a publicly available dynamic group 1 average brain (BVaverage) that will be available with the distributed atlas, details are described 2 above. Since FreeSurfer (https://surfer.nmr.mgh.harvard.edu/) is commonly used with the 3 fsaverage brain, an average surface of 39 individuals, we converted the individually defined fROIs 4 from each subject to cortical surface space in FreeSurfer after running each subject through the 5 recon-all pipeline. Then, we used the FreeSurfer CBA algorithm to bring each subject's fROIs to 6 the fsaverage space. Further processing was done as described above and the same for both 7 softwares. All files can be downloaded here: download.brainvoyager.com/data/visfAtlas.zip. 8 9
Functional selectivity of atlas fROIs 10
When using a probabilistic atlas, it is of great interest not only to know how likely one 11 would find a new subject's fROI in the same location, but also what signals would be picked up 12
for that subject within an atlas-fROI. For example, are voxel/vertices in face-selective atlas fROIs 13 selective for faces? To test the generalizability of our atlas, we performed a leave-subject-out 14 selectivity analysis in volume space. Although alignment in surface space leads to an overall better 15 between-subject alignment than normalized volume space does, we decided to run the cross-16 validation in suboptimal volume space, thereby assessing the results in a conservative way. The 17 analysis calculates the percentage of voxel selective for each condition within a given fROI, where 18 the fROI is defined on all subject's data except the one dataset used for the selectivity computation. 19 This was repeated for all possible leave-subject-out combinations. First, for each subject 20 individually we created a volume maximum probability map (MPM) based on the other N-1 21 subjects (leaving the target subject out). Then, for each individual voxel within each fROI in this 22 MPM, we estimated the average response amplitude to each category across trials using the 23 optimized Least Squares -Separate (LS-S) trial estimation approach as described by Mumford et 24 al. (2012) . Then, we created a 'winner map' for each fROI per subject, in which the condition 25 index that yielded the strongest response was assigned to each voxel within the fROI. Per 26 condition, we counted the number of winning voxels within the ROI, which we expressed as a 27
percentage of the total number of voxels in the fROI. This procedure was repeated for each subject 28 (Fig. 5) . (Cos-bodies and mFus-faces). Qualitatively, this resulted in a higher degree of consistency across 25 subjects when group maps were normalized using CBA as compared to NVA. Both v1d and Cos-26 places display a high consistency in the group map center as indicated by yellow colored vertices, 27 while centers are more variable after NVA alignment, most evident in v1d. For mFus-faces, both 1 group maps display a greater degree of variability across subjects than the other two regions, 2 potentially due to region size and/or greater anatomical variability. 
14
To quantify which group alignment resulted in higher consistency and therewith 15 predictability, we used the dice coefficent (DSC) and a leave-one-out cross-validation procedure 16 to determine the predictability of finding the same region in a new subject. Moreover, we 1 calculated the dice coefficient using different thresholds for the probabilistic group map, ranging 2 from a liberal unthreshold (one subject at a given voxel/vertex is enough to assign it to the group 3 map) maps to a conservative threshold where all N-1 subjects had to share a voxel/vertex to be 4 assigned to the group map (Fig. 2) . 5
For retinotopically defined regions, DSC's varied between 0.35 and 0.55 for peak 6 probability after CBA, and between 0.30 and 0.40 after NVA. Especially regions with a lower 7 predictability overall tended to show superior predictability after NVA for more conservative 8 group thresholds (e.g. Fig. 2b , mFus-faces, TOS-bodies). For CBA, peak predictibility (DSC) for 9 each region ranged from 0.1 to 0.55, while it ranged from 0.1 to 0.42 for NVA, with character-10 selective regions showing the lowest consistency for both alignments, closely followed by mFus-11 and IOG-faces. As the smaller regions seemed to show a greater variability we correlated ROI size 12 ( Fig. 3 ) with DSCs at a threshold of 0.2. 13
Quantitatively, CBA displayed an overall greater predictability across regions and 14 thresholds (except for v3d), which was confirmed by a significant difference in alignment for both 
A functional atlas of occipito-temporal cortex in volume and surface space 6
By systematically varying the group map threshold for predicting a left-out subject's fROI, 7 we established that a group map threshold of 0.2 allows for greatest predictability across regions. 8
Using the 0.2 threshold, we generated a functional atlas of occipito-temporal cortex by generating 9 a maximum probability map (MPM, see Methods for details). Figure 4 displays the resulting 10 unique tiling of category-selective regions in stereotaxic space for surface (Fig. 4A ) and volume 11 (Fig. 4B) space. The visfAtlas is publically available in both surface as well as volume space to 12 allow usage in a variety of analyses and in file formats for BrainVoyager and FreeSurfer for surface 13 space as well as in volume space using the NifTi format (download.brainvoyager.com/data/visfAtlas.zip). 
1
Generalizability of functional selectivity 2
One of the advantages of a probabilistic atlas is the ability to locate a region of interest with 3 a degree of certainty (as established using the dice coefficient analysis) in a new subject without 4 the need to run a localizer itself. In order to quantify the atlas' generalizability, the selectivity of 5 the category selective areas in new participants is a crucial metric. Therefore, we performed a 6 leave-subject-out selectivity analysis in volume space to assess category-selectivity. For each 7 fROI, we established the percentage of voxels that showed the strongest response to each available 8 category (Fig. 5 , see Methods for details of selectivity estimation). For all category selective 9 regions, we confirmed that the category it is selective for indeed yields the highest percentage of 10 voxels across subjects. Face-selective fROIs (Fig. 5 , top left) contain 52-72% (lowest to highest 11 fROI) face-selective voxel responses (red). The second-highest selectivity is body-selective 12 (green) with 10-43% on average across subjects, followed by character-selective regions (gray) 13 with 2-25%. Body-selective regions (Fig. 5, top right) is face selectivity (1-40%). Place-selective fROIs (Fig. 5, bottom left) show a large proportion of 17 voxels with their preferred place selectivity (purple, 77-82%), followed by up to 21% body-18 selective voxel. Character-selective ROIs (Fig 5., bottom right) on the other hand contain 41 -52% 19 character-selective voxel, followed by up to 38% body-selective voxels. 
6
Similarities between previously published atlas areas and our visfAtlas 7
In order to establish the correspondence of our probabilistic functional atlas to other atlases, 8 we made quantitative comparisons to existing atlases of one or multiple regions localized with 9 comparable stimuli. As retinotopic atlases are frequently used to define early visual cortices in 10 new subjects, we wanted to compare our retinotopic areas v1-v3 dorsal and ventral to a group atlas 11 24 of retinotopic visual areas aligned to the fsaverage brain by Wang et al. (2014) . To assess the 1 correspondence between the two atlases we computed the dice coefficient (see Methods for details) 2 between the existing group atlas and our visfAtlas region for each region separately. Qualitatively, 3 v1d and v1v from both atlases show a high degree of overlap and correspondence decreases when 4 moving to the dorsal and ventral v2 and v3 regions (Fig. 6A) We generated a cross-validated functional parcellation of occipito-temporal visual cortex, 2 including early-visual cortex retinotopic regions as well as category-selective regions. 3
Additionally, we estimated predictability and selectivity for left-out subjects. We show that cortex-4 based alignment (CBA) outperforms nonlinear-volumetric alignment (NVA) in most cases and 5 that each probabilistic functional region maintains between 40% and 94% of its own category's 6 response in a left-out subject (Fig. 5) , suggesting a higher precision of our surface-based atlas 7 while also demonstrating its utility in volumetric MNI space. To our knowledge this is the first 8 extensive cross-validated probabilistic atlas of category-selective regions in ventral temporal 9 cortex besides CoS-places published by Weiner et al. (2018) . We make this functional atlas of 10 occipito-temporal cortex available in surface as well as volume space, together with a new 11
BrainVoyager surface average that can be used for any surface-analysis 12 (download.brainvoyager.com/data/visfAtlas.zip). 13 
14
Superior consistency of functional group regions after cortex-based alignment: Implications 15
Spatial consistency in both retinotopic as well as category-selective regions was higher after 16 CBA as compared to NVA (Fig. 3) variability, e.g. the partially fragmented occipito-temporal sulcus (OTS), CBA will be less able to 27 align landmarks compared to highly consistent anatomical structures. A future, more advanced, 28 alignment scheme could take such emerging knowledge into account by using non-homogeneous 29 regional weights for curvature landmarks. 30
1
Structures defined in maximum probability map are category specific 2
As the main purpose of a functional atlas is to allow generalization to new individuals, 3 confirmation and validation of the functional selectivity of the delineated areas is crucial. We used 4 a leave-one-out approach to quantify the generalizability of our maximum probability map, and 5 demonstrate that voxels within a region-of-interest are highly selective to the category that the ROI 6 is known to respond to. This is an important confirmation of one of the underlying assumptions of 7 functional atlases: a (macro-)anatomical correspondence to function (Grill-Spector and Weiner, aligning a new subject's macroanatomy to the macroanatomy an existing functional atlas is based 10 on. 11
As can be observed in Figure 5 , for each category-selective region, the largest proportion 12 of voxel selectivity is that of the own category with the lowest overall proportion for word-13 selective regions (Fig. 5, bottom right) . Furthermore, the highest proportion of own-category-14 selectivity can be found in lateral body-selective regions (Fig. 5, top right) . One possible 15 explanation for the variability in this location is the proximity to other category selective regions. 16 For example, when comparing face-and body selective areas in ventral temporal cortex (see Fig.  17 4 A for details), they are very close together as well as adjacent, when compared to body-selective 18 regions in lateral occipital cortex. This close proximity increases the likelihood of overlapping 19 functional specificity of atlas boundaries that may or may not align precisely with a new subject's 20 functional selectively. Next, areas in ventral temporal cortex tend to be smaller. Due to the nature 21 of our selectivity measure, dividing the number of category-preferring voxel within a region by 22 the total number is more drastically influenced by single voxels in smaller regions as compared to 23 larger regions. 24 
25
Consistent functional loci across different atlases 26
Comparing our visfAtlas regions to existing atlases can highlight the effects of (1) different 1 localizer stimuli (e.g. Fig 6 A & C) , as well as (2) effects of the number of subjects included in a 2 group map (Fig. 6) degree of overlap across both atlases (Fig. 6A) , especially in the left hemisphere. Right hemisphere 7 V1 of the visfAtlas extends more dorsally, consequently shifting other right hemisphere retinotopic 8 regions as compared to the atlas by Wang et al. (2014) . In addition, we compared our visfAtlas 9
CoS-places to a CoS-places published by Weiner et al. (2018) , who used the same localizer for 10 their atlas as well as the same statistical threshold for defining CoS-places in each subject (t=3). 11
Interestingly, also here the probabilistic ROIs differ more in the right than left hemisphere (Fig.  12 6B). However, we found no differences across hemispheres for region size as well as predictability, 13 providing evidence against our assumptions. The fact that the right hemisphere showed more 14 differences across atlases could be due to a variety of factors. 15
Next to retinotopic regions of early visual cortex, we also compared our motion-selective 16 hMT+ to a recently published probabilistic atlas, based on a large-scale dataset of >500 17 participants (Huang et al., 2019). In this work, a visual localizer (moving concentric rings which 18 expanded or contracted) different from ours (circular block of dots moving in several directions) 19 was used and might explain the slightly different loci of the hMT+ probability map presented here. 20
Our hMT+ localizer may include less medial superior temporal (MST) area due to the differences. 21 However, the probabilistic maps are difficult to compare due to the large difference in sample size 22 between their and our study. The region published by Huang et al. (2019) has a surface area more 23 than double from ours, highlighting the inter-subject variability in hMT+ location. 24 Ultimately, besides the differences across atlas regions, each of the three atlases compared 25 with our visfAtlas defines cortical areas with the same functional locus, highlighting the utility of 26 functional atlases for future neuroimaging studies. 27 
28
Conclusion and future uses 1
To this date, no probabilistic atlas has been published which contains such an extensive set 2 of functional regions in occipito-temporal cortex. The present study shows that most of the 3 category-selective regions can indeed be found in new subjects at predicted locations with 4 functional magnetic resonance imaging. Additionally, these regions show high specificity towards 5 their respective categories. Finally, we showed that these selectivity results are generalizable by 6 means of a leave-one-out analysis. Future studies should aim at extending this atlas by including 7 dynamic stimuli in addition to static, since those are more suitable for ventral temporal correct and 8 further category-selective regions in lateral occipital cortex could be delineated using dynamic The functional atlas of occipito-temporal cortex in both, surface and volume space, is 11 available in most commonly used imaging data formats (download.brainvoyager.com/data/visfAtlas.zip). 
